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Abstract 
The state of energy (SoE) of Li-ion batteries is a critical index for the remainder range forecasting, energy 
optimization and management. The paper attempts to make three contributions. (1) The definition of SoE is proposed 
and elaborated, which includes  the output energy of battery, the internal resistance heating and the energy consumed 
on the electrochemical reactions. Based on this definition, the new mathematical model of estimating SoE is built, 
which can realize the real-time estimation of SoE. (2) Based on the combined general battery model, the recursive 
least square (RLS) method with an optimal forgetting factor is used to identify the model parameters. The parameter 
identification results are obtained at relative SoE points, and the verification results indicate that the proposed battery 
model is accurate enough to simulate the battery characteristics. (3) Based on the SoE mathematical model and the 
combined general battery model, the extended Kalman filter (EKF) is built to estimate the SoE online. The simulation 
results show that the EKF-based SoE estimator performs well even under different incorrect initial SoE. 
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1. Introduction 
Since the state of charge (SoC) is not clear enough to predict the remainder range, optimize or manage 
the energy. Compared to the SoC, the SoE [1-7] is a more clear and scientific indicator of the battery 
energy. Because few researches have been done on how to estimate the SoE accurately, at least three 
problems need to be solved here. Firstly, there is not a unified or clear definition of the SoE. Although 
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refs [3-5] propose the SoE definitions separately, they still have the shortcomings of not being clear 
enough or practical enough. The second problem is how to estimate the real-t ime SoE accurately. Ref [3] 
proposes a black box model to estimate the SoE online. In the input layer, the battery terminal voltage, the 
current and the temperature are taken as the input parameters, and the output layer is the estimated SoE. 
However, the accuracy of a black box model based SoE estimator is always dependent on the training 
parameter set. While in practice, the battery conditions such as the aging and the applied environment 
such as the temperature change all the time, it is difficult fo r the training parameter set to contain all the 
informat ion needed, and the estimat ion accuracy is worse as time goes. Third ly, unlike the SoC estimator, 
though different kinds of battery models are ready, there is no model based SoE estimator. We know that 
the model based estimator is easy to apply different filters like d ifferent kinds of EKFs to realize the 
closed-loop estimation with high accuracy. 
2. New definition of SoE 
This paper proposes to define SoE as  
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Where subscript k  indexes the moment kᇞt, ᇞt  indexes the sampling interval, ¨indexes the current 
efficiency, Uoc is the open circuit voltage (OCV), i is the current and Ea indexes the maximum available 
energy of a full charged battery. 
3. Battery modeling and parameter identification 
To model the dynamic voltage performance of the lithium-ion cell under different operating conditions, 
we should first construct a battery model. The dynamics of the battery can be described as a combined 
general battery model [6] and shown in Fig. 1. 
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Fig. 1. Schematic diagram of combined general battery model 
According to the Kirchhoff’s law, the mathematical equation of the proposed battery model is 
expressed as 
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The relationship between SoE and OCV is described as  
 2 30 1 2 3 4 5 6ln ln 1ocU z z z z z zD D D D D D D                                                    (3) 
 
Where z represents the SoE, and α0,…ˈ6 is the fitting parameters which can be obtained by the OCV-
SoE test data. We use the recursive least square method with an optimal forgetting factor to identify 
model parameters and the parameter model is shown as  
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4. Extended Kalman filter-based SoE estimator 
One discretization form of equation (2) is as follows [7]: 
   
 
, , 1 ,
, , ,
exp / 1 exp /D k D k L k D
t k oc k D k L k i
U t U t i R
U U z U i R
W W­  ' u   ' uª º° ¬ ¼®   °¯                                       (6) 
Combined with equation (1), the state-space model can be built as  
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Gaussian random processes, with zero mean and covariance matrices with known value: 
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From equation (3), it can be deduced: 
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The extended Kalman filter can filter random noise and compensate for model error, which is therefore 
widely used in application and has achieved great success. It can obtain an optimal state set by adjusting 
initial values of state vector and its error covariance matrix, as well as covariance matrices of the two 
Gaussian random processes. Based on equation (7), the calculat ion process of the EKF algorithm for SoE 
estimation is described in Fig. 2. 
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Fig. 2. The general diagram of the data-driven based SoE estimator                          Fig. 3. The battery test schedule 
5. Data set of LiMn2O4 cell for verification 
As an application case, the LiMn2O4 cell is used to verify the proposed approach. The test schedule for 
our research is shown in Fig. 3 and is designed to collect the cell test data. It is important to note that in 
this research, we only consider the operation temperature at  25ć  and other temperatures will be 
discussed in our future research. 
6. Verification and discussion 
Considering practical applicat ions, only the portion of the test data within 10%-90% SoE in these 
datasets is used in SoE estimation. The SoE estimation is executed by the BJDC test. Fig. 4 is the SoE 
estimation results of the voltage and SoE, where the initial SoE value is set at the exact 90%. Fig. 4(a) is 
the true terminal voltage and the estimated terminal voltage. Fig. 4(b) is the voltage estimation error. Fig. 
4(c) is the reference SoE and the estimated SoE. Fig. 4(d) is the SoE estimat ion error. The statistical 
results of the SoE estimat ion are listed in table 1. From Fig. 4(a) and Fig. 4(b) we can find that the 
estimated voltage is almost the same with the true voltage, and table 1 shows that the maximum voltage 
error is only  0.78 mV and  the mean error and the standard deviation are respectively only 8.9e -4 mV and 
0.02 mV. It should be noted that the reference SoE is obtained by integration of the output energy of 
battery, which is integration of product of the terminal voltage and the charge/discharge current. However, 
the true SoE should be obtained by integration of the whole output energy of battery, which is integration 
of product of the OCV and the charge/discharge current. In fact, we can on ly get the reference SoE in the 
experiment, which has neglected the internal resistance heating and the energy consumed on the 
electrochemical react ions, so the true SoE should be larger than the reference SoE. It can be seen from 
Fig. 4(c) and Fig. 4(d) that the estimated SoE is always larger than the reference SoE, which is consistent 
with the above analysis. Table 1 shows that the maximum SoE estimation error is 5.5%, and the mean 
error and the standard deviation are respectively -3.3% and 1.2%, while the statistical results of the true 
SoE estimation error must be better.  
Table 1. Statistical results of the SoE estimation error 
Estimate Maximum error Mean error Standard deviation 
Voltage(mV) 0.78 8.9e-4 0.02 
SoE(%) 5.5 -3.3 1.2 
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Fig. 4. SoE estimation results.                                              Fig. 5. SoE estimation results 
Fig. 5 is the estimation results of the terminal voltage and So E with an erroneous initial So E, where the 
initial SoE is incorrectly set to 60%. Fig. 5(a) is the true terminal voltage and the estimated terminal 
voltage. Fig. 5(b) is the voltage estimation error. Fig. 5(c) is the reference SoE and the estimated SoE. Fig. 
5(d) is the SoE estimation error.  From Fig. 5, we find that the estimated voltage and SoE converge to the 
reference t rajectory quickly after a few seconds for correcting the erroneous initial state of the EKF 
estimator; the maximum estimation error of voltage is around 1 mV. On the other hand, the maximum 
estimation error of SoE is about 5.5% after a few seconds. 
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Fig. 6. Estimation results of the SoE 
Fig. 6 is the estimation results of the SoE with different erroneous initial SoE, where the initial SoE is 
respectively incorrectly set to 60%, 70%, 80%. Fig. 6(a) describes the reference SoE and the estimated 
SoE. Fig. 6(b) describes the reference SoE and the estimated SoE within the prior 60 seconds. Fig. 6(c) 
describes the estimated SoE error and Fig. 6(d) describes the estimated SoE error within the prio r 60 
seconds. From Fig. 6 we find that the estimated SoE with different erroneous initial SoE converges to the 
reference trajectory quickly after about 60 seconds, and the converged SoE is almost the same, with the 
maximum error of about 5.5%. 
7. Conclusions 
z Different definitions of SoE are summarized and analyzed, and to get the correct and stable real-
time SoE estimate, this paper proposes a new mathematical model to define the SoE. Except the 
output energy of battery, the new definit ion of SoE also includes the  internal resistance heating 
and the energy consumed on the electrochemical reactions, which  are difficult to detect in 
practice.  
z The combined general battery model is proposed to simulate the characteristics of battery. The 
RLS method with an  optimal fo rgetting factor is used to identify the model parameters. By hand-
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tuning the optimal forgetting factor, the identified model parameters close to the stable value 
quickly and the verification results prove that the proposed battery model is accurate enough to 
simulate the characteristics of battery.  
z The EKF is built to estimate the SoE and the estimat ion results are presented in the form of 
figures and tables. Because the true SoE is hard to obtain in practice, the reference SoE is 
proposed to evaluate the SoE estimator accuracy. The estimat ion results show that although the 
errors exist, the SoE estimator still has good estimation ability, even under different erroneous 
initial SoE. 
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